Abstract -In this paper, we propose an effective algorithm to estimate orientation angles (roll, pitch, and yaw) from Inertial Measurement Unit (IMU). This algorithm uses two adaptive extended Kalman filters (AEKF) to estimate the Direction Cosine Matrix (DCM), the external acceleration and the magnetic disturbance. First 6-state filter estimates three elements in the third row of the DCM and the external acceleration on three axes. The second one estimates three elements in the first row of the DCM and the magnetic disturbance on three axes. The last three elements of the DCM are computed from the DCM orthogonalization property. This method overcomes original problems when IMU is moved by external acceleration, and it is disturbed in magnetic environment. In addition, it helps reduce effort on computation from 15-states filter to two 6-states filters. The performance of proposed algorithm is verified by applying it to a 9-DOF IMU and testing its accuracy in various conditions. Experiment results have shown that the proposed algorithm achieves accurate estimation of orientation. The RMS error of all three angles is less than 2º.
I. INTRODUCTION
MU can be used to estimate orientation of a rigid body relative to an Earth fixed reference frame. To describe the orientation of a rigid body, we use Euler angles roll, pitch, and yaw relative to the rotation angles between a body and the Earth frame. IMU has a wide range of applications in robotics, virtual reality, and human motion tracking. It contains three kinds of sensor: accelerometer, gyroscope, and magnetometer. The accelerometer measures the acceleration on three axes of the IMU so that the accelerometer signals are the sum of gravitational acceleration and the external acceleration. Due to this point, we can only calculate roll and pitch angles from the accelerometer signals in static condition. The gyroscope signals provide the angular velocity on each axis of the IMU so that we can calculate all three "relative" Euler angles by integration over time step. This may lead to a bigger error on output angles over time step. The magnetometer measures magnetic field on the Earth so that it can provide a heading of the IMU or the yaw angle. However, the yaw angle may be wrong when IMU goes into disturbed magnetic environment. The authors in [2] used the Gauss-Newton method to estimate angles and applied it to human motion tracking field. This filter is capable of tracking a rigid body through all orientations and is more efficient than those based on Euler angles. Also, they introduced the quaternion-based Kalman filter [3] , [4] . These papers present the real-time implementation and testing results of the quaternion-based Kalman filter. Experimental results validate the Kalman filter design, and show the feasibility of the MARG sensors for real-time human body motion tracking. Also in human motion tracking applications, the author in [5] developed a filter that is called complementary Kalman filter. The orientation estimated by the filter was compared with the orientation obtained with an optical reference system Vicon. Results show accurate and drift-free orientation estimates. The compensation results in a significant difference between the orientation estimates with compensation of magnetic disturbances in comparison to no compensation or only gyroscopes. The average static error was 1.4º (standard deviation 0.4) in the magnetically disturbed experiments. The dynamic error was 2.6º root means square. Another approach tries to separate the impact of acceleration and the disturbance on three angles, the author in [6] used the DCM method and Kalman filter. It has shown that normal Kalman Filter in DCM method is better than extended Kalman Filter in Euler and Quaternion based method because it helps avoid the first order approximation error. To reduce the computation effort, the author in [7] proposed gradient descent method without using Kalman filter. The author showed experimental results that his proposed algorithm achieves levels of accuracy exceeding that of the Kalmanbased algorithm; <0.6º static RMS error, <0.8º dynamic RMS error.
In this paper, we introduce a fusion algorithm to estimate three Euler angles from IMU. This algorithm uses the DCMbased method that is the same approach as [6] . However, we remove angular velocity component in state variable, and directly put the gyroscope signals in the state equation. This significantly decreases the computational load for Kalman filter and increases the capable of response of the algorithm in dynamic conditions. Moreover, we expand the state equation by adding state variables including the external acceleration and the magnetic disturbance. This ensures the algorithm's accuracy during various conditions such as high acceleration, disturbed magnetic environment. This paper is organized as follows. Section II introduces the method of developing the algorithm. Section III presents the implementation of the algorithm. Section IV describes the experiment process to validate the proposed algorithm and testing results, followed by conclusions in section V.
II. DCM METHOD & SENSOR MODEL
A. DCM
Using Euler angles, the rotation matrix can be expressed as 
where φ (roll), θ (pitch), and ψ (yaw) are the Euler angles; subscripts c and s stand for cosine and sine of an angle. The rotation matrix, which is given by (3), is called the DCM. From (2) & (3), three Euler angles can be calculated as follows
Therefore, we estimate elements of the DCM instead of Euler angles directly. This technique can avoid the singularity problem in Euler based method. In practice, we only need estimate two out of three rows of the DCM. A remaining row is calculated from estimated rows based on the DCM orthogonalization property. In this paper, we divide the estimation algorithm into two steps sequentially. In first step, we estimate the third row of the DCM. Then, we calculate φ and θ angles using (4) & (5). In second step, we estimate the first row of the DCM. Then, we calculate the second row of the DCM and ψ angle using (6) . The main advantage of this technique is the removal the effect of magnetic interference on the roll and pitch angles in comparison with quaternion based method. In addition, this helps reduce computation effort because of decreasing the number of states in Kalman filter.
The kinematic equation of the DCM is expressed as
where
is the angular velocity vector, and the skew matrix[ ] ω is given by:
This equation is used in process model of the Kalman filter of our algorithm. 
B. Modeling of Sensor Signals
Refer to rotation matrix in (1), we have a normalized equation between gravity vector 0 B a and 0 E a as follows
Hence, the measurement equation for accelerometer is formed as ω is modeled as first-order Markov process as in [5] ,
In this paper, we consider the gyroscope signals as an angular velocity in process model. It means that we neglect the offset and the noise term of gyroscope signals. This technique increases the response capable of the estimation algorithm in dynamic conditions. 
where D is the inclination or dip angle between the intensity vector of the earth magnetic field and the horizontal plane. At our experiment location, the dip angle D is around 7º. Hence, the measurement equation for magnetometer is 1 3 cos( ) sin( )
Or it is rewritten to:
C. Extended Kalman Filter
The kinematic equation of the DCM in (7) 
Rewrite equation (21) by using the notation k Φ , the process model is described as
Equation (19) and (12) are both linear so that the measurement model is given by
Therefore, the algorithm is represented as state equations as below
Finally, the procedure of implementation the Kalman filter can be summarized as follows ([1]) 1) Compute the a priori state estimate
2) Compute the a priori error covariance matrix
3) Compute the Kalman gain
4) Compute the a posteriori state estimate In our estimation algorithm we use cascade of two adaptive extended Kalman filters and a detector to support filters (Refer to Fig.1 ). Block AEKF1 in Fig.1 m in filters. This detector ensures the algorithm achieves a better estimation during both static and dynamic conditions. The detail description about each block in our algorithm is described below.
A. AEKF1 Block The first filter AEKF1 has a state equation as below
where:
is 6x1 vector, T Δ is sample time, 
Covariance matrix of process noise and covariance matrix of measurement noise are described as { } 
B. AEKF2 Block The state equation of the second filter AEKF2 is described as below
where 2 11 12 13 sin( )
The matrix 
C. DT Block
To detect the occurrence of the external acceleration and the magnetic disturbance, we compare its absolute value after estimation and a threshold. To verify the performance of the proposed algorithm, we use a commercial IMU and a rotation table. The IMU is ADIS16480 [8] from Analog Devices, its output contains both estimation angles and raw data (accelerometer, gyroscope, and magnetometer). Table 1 highlights its performance based on the datasheet: 
To carry out a test, we get its response during some operations such as turning over three axes, being stationary…Table 2 shows the testing results. The experimental results show that the proposed algorithm is stable and achieves high precision in all three angles. There is no drift on angles. This shows the feasibility to implement this algorithm to real-time systems. 
V. CONCLUSION
In this paper, we have presented and implemented the fusion algorithm for orientation estimation with two adaptive extended Kalman filters to enhance the capable of the algorithm in dealing with dynamic conditions. Testing results have shown many advantages of our proposed algorithm in solving original problems of orientation estimation. Further research can be conducted to compare the accuracy and computation load of this algorithm with other approaches such as Euler and quaternion based Kalman filter, or complementary filter.
